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Abstract: Evaluation is an unavoidable feature in any teaching or learning scenario. The evaluation strategy of 
students differs widely throughout the world. Further, most of the institutes do not use any objective technique to 
assess the teaching performance of a teacher. The present paper defines performance metrics both for student 
and teacher evaluation and also discusses the methodology for calculating relevant metrics. In a decision-making 
scenario, these metrics may help in providing enough insight into the assimilation capability of students and 
teaching capability of teachers. Once measured properly for an adequate length of time, these metrics can also 
be customised to provide other useful information like utility of a course modification, institutional performance 
etc. The system has been tested for analysing four courses in a premier engineering institute and the outcome 
found to be encouraging. 
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1. Introduction 
In any educational institution, besides regular teaching and learning activities, evaluation is a matter 
of utmost importance. It can be defined as “a series of procedures carried out to collect information 
about learning experiences on the basis of which recommendations can be made to improve the 
quality of the services provided” (Edwards 1991). It is not only important from the students’ point of 
view; rather the performance of the whole institute depends on the evaluation techniques. The 
objectives of an evaluation process can be summarised as follows (Harlen 1978, Deale 1975). 
 To gather information about a wide range of student characteristics as feedback for making 

decisions about the learning environment, especially in the context of matching experiences to 
individual students.  

 To accumulate information which will enable to define progress (or lack of it) and corrective actions 
to be taken, if required.  

 To provide information to a teacher, which will help him/her in judging the effectiveness of his/her 
teaching with respect to individual students or groups.  

 To inform other teachers who may have to make decisions about the students. 
  To compare progress of students under different teachers.  
 To compare new teaching materials with old and finally to help in developing an efficient and 

effective teaching policy. 
 To allocate students to streams or sets based on their competence in different branches of their 

course.  
 To inform employers or higher education institutions about attainments.  

The present research on intelligent and automatic evaluation techniques mainly concentrates on 
automatic evaluation of computer programs (Benford et al 1993, Foxley et al 1998, Brusilovsky et al 
1996) or mathematical problems (Sapir 1999, Xiao 1999). It has also been tried to evaluate free text 
answers based on different text processing methods like keyword based analysis (Burstein et al 
2001), pattern matching techniques (Ming et al 2000) etc. In Alfonseca et al (2001) the BLEU method 
of machine translation system is used for evaluating free text answer, but the method does not work 
properly for certain kind of questions (like asking yes/no or advantage/disadvantage like questions). In 
VanLehn (1997), an evaluation technique is presented which is based on the student model. The 
evaluation technique in VanLehn is mainly concerned with the extent of assimilation of concepts. The 
inference mechanism of the system is based on Bayesian Network. The system has been 
demonstrated for physics only and it deals with 290 physics rules. But the approach does not seem to 
be scalable for a large number of concepts. The existing systems have the main focus on the 
assessment techniques of students. Unfortunately, there is hardly any universal mechanism that can 
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give the best assessment. In Reddy (2004), “Analytical Hierarchical Process” is used for calculating 
accurate weightage for theory and practical examinations and the approach is claimed to be universal 
across institutions. But in all cases, two major aspects of evaluation have been ignored (Biswas and 
Ghosh 2005) namely, 
 Assessment of teachers and teaching policy. 
 Defining a universal metric to measure the performance of students and teachers irrespective of a 

particular course, subject or institution. 
Both of these factors are extremely important from an institutional point of view. It is a common 
observation that students prefer some teachers than others based on various reasons. So there 
should be an objective mechanism to measure the teacher’s teaching performance also, along with 
the students’ performance. Finally a universal metric of performance is needed very much for a 
comparative study of students, and teachers throughout a large number of institutions. The present 
paper discusses about some universal performance metrics for teachers and students and the 
methodology for measuring them. The metrics are viewed both from theoretical point of view and 
implementation point of view. From theoretical point of view, the significance of the metrics is given 
and their definitions are expressed through propositional calculus statements. From implementation 
point of view, scheme diagrams for an online database and a data warehouse have been described 
for storing enough information about a curriculum as well as efficient measurement of the 
performance metrics. The scope of the metrics presented in this paper is not only confined to 
performance evaluation, rather more sophisticated decisions regarding course modification and 
institution performance can easily be taken from the metrics. The organisation of the paper is as 
follows. In the next section the proposed methodology is discussed. Section 3 demonstrates a case 
study that gives an example of application of the proposed methodology. Finally conclusion is drawn 
at section 4. 

2. The proposed methodology 
The present paper discusses about an evaluation system, which can be used to evaluate the 
performance of both students and teachers in an educational institution. In the next section an 
operational overview of the proposed methodology will be presented. The evaluation will be done 
based on online examinations held at different time of a course. The online examination is found to 
make no change in scoring compared to paper pencil tests (Bodmann et al 2004). However the 
system can also be used (with dropping some of its features) for a traditional offline examination 
system. In fact, the case study in section 3 will describe a limited application of the system for a 
traditional system where the examinations were not online. The system is designed to be used for a 
long duration of time covering a number of academic sessions. It has been suggested in Aspinwall 
(2005) that an evaluation system should be build up step by step; perhaps using different methods for 
data collection until enough is available. So, the emphasis is given on designing a database schema 
for storing basic information about course curriculums; and later consolidating the information stored 
in the database into a data warehouse for efficient long-term data analysis. The data warehouse will 
actually be used to evaluate students and teachers’ performance on a long range and also to take 
strategic decisions about a course design, improvement measurement etc. In section 2.2, the designs 
of an online database and data warehouse are presented. The point assignment technique in an 
online examination is described in section 2.3. We have defined several performance metrics to aid 
decision-making regarding performance measurement of students, teachers and institutes based on 
the points scored by students. Definitions of these performance metrics are presented in section 2.4. 
In section 2.5 and 2.6, practical implications of the metrics and some other important utilities of the 
proposed evaluation methodology is pointed out respectively. 

2.1 Operational overview 
The proposed evaluation system will operate in three phases, namely,  
 Initialisation Phase 
 Running Phase 
 Assessment Phase 

These system phases conform to the regular course calendar. The initialisation phase will take place 
before start of a course. The running phase will run with the course. After the end of the course, the 
students’ and teachers’ performance will be evaluated in the assessment phase. The initialisation 
phase mainly concerns with database fill up with curriculum details and demographic information. A 
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course is broken up into a number of subjects. Each subject is further classified into chapters or 
topics. Further, a topic is broken up into some concepts. For example, a secondary level science 
course can be divided into subjects like physics, chemistry, biological sciences and mathematics. Now 
physics can be classified into topics like optics, magnetism, mechanics etc. The topic mechanics 
includes concepts like free body diagram, inclined plane, momentum etc. The ontology of a course is 
shown in Fig.1. In order to extend this ontology for several subjects, we can define surmise 
relationships among different concepts and topics of different subjects and once fully developed, the 
ontology can also be easily used to define a knowledge space for a student (Dietrich et al 2001). In 
Reddy (2004) the variance of student performance is shown to be dependent on the standard on 
question papers and subjects. So, it can be inferred that an evaluation technique should use different 
weightages for different subjects and questions. To take care of this fact, each topic, concept and 
question is associated with a difficulty index (refer Fig.1). In Rios et al (1998), Rehak (1997) and 
Byrnes (1995), we get a list of other metadata associated with a question like type, topics assessed, 
complexity etc. to generate customised and personalised examinations or quiz sessions. Most of 
these metadata are inherent in our system due to considering the ontology structure (refer Fig. 1) of a 
course. In the proposed system, besides difficulty level, we consider only another metadata of a 
question, vie. an expected answer-time. This expected answer time can be used to differentiate a 
blind guess from an intelligent guess by comparing it to the response time of a question in an online 
examination scenario (more elaborately explained in section 2.3). 
 
In the running phase, the teacher can periodically evaluate the class performance by designing 
online examinations or quiz sessions. These examinations or quiz can be designed using the 
existing question-answers within the database or by inserting new questions and answers. Even the 
course instructor can add new topics or concepts during this running phase. Short-term assessment 
can also be carried out by manually analysing the points scored by the students during an 
examination. The point calculation system is explained in the section. After the end of the course, 
the final assessment will be carried out. The final assessment will not only consider the immediate 
performance of a student in a single course, but also takes care of historical data available about 
the students, teachers and subjects. Sufficient data will be maintained to calculate the performance 
metrics as defined in section 2.3. 

2.2 Database design 
The database is designed according to the operational phases of the system. The initialisation and 
running phase will deal with an online normalised database. In the assessment phase, the content 
of the database will be analysed and consolidated into a data warehouse. This data warehouse will 
store information that will facilitate to calculate performance metrics at various levels of granularities 
and for various combinations of the dimensions. The schemas of the database and data warehouse 
are furnished in the next two sections. 

2.2.1 Database tables 
The database is designed to automate the whole evaluation process. A database always provides 
more flexibility in designing an examination or quiz session (Brusilovsky and Miller 2001). The 
teachers’ and students’ details will be stored in two tables for analysing their performance individually. 
The Teacher_Allotment table remembers the courses taught by a particular teacher. The course 
ontology will be stored in Subject, Topic and Concept tables and their relationships will be stored in 
two separate tables (Concept_Topic_Mapping, Subject_Concept_Mapping). The examination 
questions and answer-options need to be pre-stored in Question and Answer tables. The 
Question_Answer_Mapping table stores correct answer(s) of each question. If the methodology is 
deployed in a subjective examination system (which does not provide answer options), the Answer 
and Auestion_Answer_Mapping tables need to be dropped. To use the system in a paper-pencil 
based examination scenario, the expected response time field of Question table has to be dropped. 
The rest portion of the database remains same in all cases. 
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Figure 1. Ontology of the course 
Table 1.Database tables 

Sl. No. Table Name Utility 
1 Teacher Stores Teachers’ demographic information 
2 Teacher_Allotment Stores the subjects taken by a teacher 
3 Topic Stores Topic Details 
4 Concept Stores Concept Details 
5 Answer Stores the answer statements 
6 Concept_Topic_Mapping Maps each Topic to a Concept 
7 Examination Stores Examination information 
8 Question Stores question related information 
9 Student Stores Students’ demographic information 
10 Question_Answer_Mapping Maps each answer to a question 
11 Student_Session Stores examination details of individual student 
12 Subject_Concept_Mapping Maps each Concept to a Subject 
13 Subject Stores each subject information 

 

Subject 

Topic 
[Topic Difficulty Index] 

Concept 
[Concept Difficulty Index] 

Questions 
[Question Difficulty Index] 

[Expected Answer Time] 

has 

has 

has 
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Figure 2. Online database scheme 

2.2.2 Data warehouse tables: 
Data warehouse is a subject oriented, time variant, non-volatile, integrated repository of data (Han 
2000). It will consolidate the content of the operational database for ease of decision-making. The 
main differences of data warehouse with the database will be in its utilisation, access pattern and size 
(Twelve Rules That Define a Data Warehouse 2005). It has been designed by considering aims of an 
evaluation process presented in section 1. The data warehouse has two fact tables and six 
dimensions. The fact is the points scored by student in an examination.  
Table 2. Data warehouse tables  

Sl. No. Table Name Utility 
1 Concept Stores Concept Details 
2 Examination Stores Examination information 
3 Student Stores Students’ demographic information 
4 Student_Fact_Table Table to asses Students’ learning Rate 
5 Subject Stores each subject information 
6 Teacher Stores Teachers’ demographic information 
7 Teacher_Fact_Table To evaluate Teachers’ Performance 
8 Topic Stores Topic Details 

 



Electronic Journal of e-Learning Volume 5 Issue 2 2007 (87 - 102) 

www.ejel.org ©Academic Conferences Ltd 92

 
Figure 3. Online data warehouse scheme 

2.3 Point calculation techniques 
In a traditional system, students’ marks are decided by the extent of correctness of his answer. In the 
present system, we attempt to calculate marks not only based upon the correctness of an answer, 
rather considering the hardness of the question and the topic from which the question is developed. 
The intellect level of a student is tried to be reflected in his obtained marks by considering the 
response time taken to answer a question. However if the system is deployed in a paper-pencil based 
examination scenario, the response time cannot be measured for individual questions and need to be 
dropped. The point calculation will be as follows 
 
Point obtained by answering a question= (Topic Difficulty Index * Concept Difficulty Index * Question 
Difficulty Index * Deviation) / (Response Time) 
 
The difficulty index signifies the hardness of a question or topic. As for example, the difficulty indices 
parameters can take values as shown in Table 3. 
Table 3.Value of difficulty indices 

Name of Difficulty Index Value for 
Tough 

Value for 
Normal 

Value for 
Easy 

Topic Difficulty Index 5 3 1 

Concept Difficulty Index 5 3 1 

Question Difficulty Index 5 3 1 

The answers given by a student will be used to judge the level of understanding of a student. As for 
example let us consider the following question and answer options. 
 
Example Question: Why ARP is used? 
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Possible Answers:  
a. To know IP address by giving the hardware address  
b. Data structure used for efficient searching 
c. To know hardware address by specifying IP address 
d. To know router’s IP address 

Among the answer options ‘c’ is correct, option ‘a’ can be considered as a silly mistake answer while 
option ‘b’ is totally unrelated to ARP. So analysing the given answer the level of knowledge and 
understanding can be easily measured. To parameterise this level of understanding a deviation 
parameter will be used. To measure the deviation parameter, each answer will be classified in one of 
six classes and value will be assigned according to the class of the answer. The different values of 
deviation parameter are shown in Table 4. The response time for an answer will be used to catch 
blind guesses. It is the time a student takes to give the answer. It will be compared with the expected 
answer time of a question. For some questions (say, problem-oriented question) if the response time 
is very much less than the expected time then it is considered as a blind guess answer and points will 
be assigned according to that. The weightages given to different classes of response time are shown 
in Table 5. The values shown in table 3, 4 and 5 are not derived mathematically rather they only 
serve to differentiate among the classes of difficulty indices, deviations and response times. A 
practical implementation of the present system is free to choose any value that is capable to consider 
their physical significance. 
Table 4.Value of deviation parameter 
Parameter 
name 

Value for Exact 
Match 

Value for Near 
Match 

Value for 
Average Answer 

Value for Below 
Average 

Value for No 
idea 

Deviation 5 4 3 2 0 
Table 5. Weightage of different response times 
Parameter name Value for Blind Guess Value for Normal Answer/ Educated Guess 
Response Time 5 1 

 

The point obtained by a student at each evaluation session is stored at concept level, topic level and 
subject level in the online database and later consolidated into the data warehouse. 

2.4 Definitions 
In this section some parameters will be defined which will be used as performance metric. These 
metrics will accumulate points scored by the students in various ways to measure the performances. 
The following proposition will be used to define the performance metrics 
 
Student_Score(s, i, o) : Points scored by student s on i-th examination in an ontology element 
(subject, topic or concept) o. From the Data warehouse scheme, it can be clearly understood that this 
fact is nothing but the data warehouse fact in the Student Fact Table. 
 
Teacher_Score(t, i, o) : Points scored by students on i-th examination in an ontology element 
(subject, topic or concept) o taught by teacher t. From the Data warehouse scheme, it can be 
observed that this fact is the data warehouse fact in the Teacher Fact Table. 
 
The two performance metrics, namely, Student Learning Rate and Teacher’s Performance are 
defined as follows. 
 
Student Learning Rate: It is defined as the average increase in score in two consecutive 
examination sessions. It is expressed as follows 
Student_Learning_Rate(s, o) : Learning rate of student s in an ontology element (subject, topic or 
concept) o. 
 
Student_Learning_Rate(s, o) =  

∑{(Student_ Score(s, i+1, o )-Student_Score(s, i, o)) ×  
(| Student_ Score(s, i+1, o) - Student_Score(s, i, o)|)}/N-1,  for all i 

                                     
where, N = Total number of examinations taken by teacher t which include ontology element 
o. 
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The metric will not be deviated by an instantaneous good or bad performance, since it measures the 
rate of change of a student’s performance over a large number of examinations. 
 
Teacher’s Performance (o, t) : Deviation of the average points scored by the students for a 
particular ontology element o taught by teacher t. 
 

Teacher’s Performance (o, t) = 
Avg(Teacher_Score(t, i, o)), for all i - Avg(Teacher_Score(t, i, o)), ,for all i, t 

 
Since a particular ontology element is taught by a number of teachers in different contexts, a single 
teacher cannot control the overall average. Hence effect of a particular academic session cannot 
affect the metric considerably. Besides these performance metrics the difficulty level of various 
ontology elements can also be defined (redefined) using the propositions 
 

Difficulty_Level(o) = Difficulty level of ontology element o. 
 

Difficulty_Level(o) =  
Avg( Student_Learning_Rate(s, o)),  for all s 

2.5 Implications of the metrics  
A traditional examination system evaluates a students’ expertise at a particular point of time. It is a 
well-known fact that “to a teacher or anyone else trying to help an individual, a single assessment 
would be of little help because one may not be equally good or bad in all aspects of learning, but a lot 
more information is needed which merge different kind of data.” (Harlen 1994). The metric, Student 
Learning Rate, presented in the previous section, aims to quantify a students’ progress throughout a 
time interval. Faculties also do the same thing when they compare students’ marks in mid-semester, 
half-yearly or annual examinations. This metric is an attempt to automate this comparison process 
and to find students difficulties in different topics, concepts or subjects. In a big institute, there exist 
several departments and many a time same subject or topics are covered in curriculums of different 
departments. The metric Teachers Performance is an attempt to quantify a teachers’ expertise in 
different subjects or topics. The metric should never be used alone to measure a teachers’ 
performance but can be used as a part of a rating process. The difficulty level will signify the overall 
hardness of a subject, topic or concept. Since each of the metrics is defined at the lowest granular 
level, they can be rolled up to get important information about the learning process. Some examples 
of the uses of these metrics are given in next section. 

2.6 Other utilities 
Besides the performance evaluation, the metrics can be used for many other useful purposes. 
Some examples are given below. 

 Generating different types of test statistics to understand and evaluate a teaching and learning 
system. The system can provide enough information to fulfil the aims of an evaluation system 
presented at section 1. 

 Finding out the assimilation capacity for a particular topic, concept or subject for individual as well 
as a special type of students. Students can be rolled up by average marks, grades, age, 
departments, institution, province or country. The knowledge can in turn be used to develop a 
student model and to personalise an e-learning system. 

 The necessity or usefulness of a course modification can be found out by comparing the difficulty 
levels of an ontology element (like subject, topic or concept) taught at different years. 

 Total improvements or rate of improvement in the performance of students, teachers and a whole 
institution, both in absolute term and relative to other institutes, can be measured by comparing 
Students’ Learning rate at various rolled up levels of granularities. 

3. A case study 
In order to measure the performance of the proposed metrics, a data warehouse is to be built with 
sufficient volume of data. However the data warehouse cannot be developed unless all examinations 
have to be conducted through the proposed system for sufficient long time. A case study for validating 
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the proposed system has been carried out using available examination details for two courses from 
an academic section of the authors’ academic institution. The case study only demonstrates the 
calculation of students’ learning rates in a traditional paper-pencil based subjective examination 
scenario and two of the possible usages of student learning rate via. analysing a single course and 
comparing two courses. Unfortunately, the students’ performance measure according to a topic or 
concept cannot be done since data was not available at that level of granularity. However our analysis 
in such a limited scope also reveals some important insights into a course. Currently four courses 
have been analysed, which will be termed as follows 
 Course1 Batch2 
 Course2 Batch1 
 Course3 Batch1 
 Course3 Batch2 

Among these Course3 was taught for two batches in two consecutive years. The same teacher also 
taught Course2. Another teacher of the same department taught Course1. The analysis process is 
carried out in two phases. First each course is analysed separately and the outcomes are shown to 
the concerned course instructor. After reviewing the results, the instructor wanted some additional 
details that led to the second phase of analysis and a comparative study among the four courses. 

3.1 Phase 1-course analysis 
The basis of the proposed evaluation process is calculation of Students’ Learning Rate. In the case 
study, Students’ learning rates are calculated for each course based on marks scored by students in 
different assignments, class tests, mid-semester and end-semester examinations at different stages 
of the course. For confidentiality purpose we have not shown scoring details of an individual student, 
rather we clustered student in different groups and carry out our experiments on the average score 
obtained by each cluster (the analysis done on each cluster can also be done on individual students). 
The testing procedure consists of following steps. 
 Preparation of tabulation sheets of students considering their marks at different assignments, class 

tests, mid-semester and end-semester examinations.  
 Clustering students according to their marks. Each cluster corresponds to a group of similar types 

of students.  
 Calculating students learning rate for each cluster. 
 Plotting the learning rate of each cluster with respect to different evaluation stages. 
 Analysis of the graph. 

For Course 1 Batch 2 the learning rate calculation technique has been elaborated in a little more 
details. For rest of the courses, the student clusters, normalised scores, learning rates and learning 
curves are shown. Based on the learning curves we pointed out our findings for each of the courses. 

3.1.1 Test result for course 1 batch 2 
The first course (Course 1) for batch 2 was taken by 52 students. The evaluation process consists of 
three assignments, two class tests, mid-semester examination and end-semester examination. The 
student clusters are shown in Table 6. 
Table 6. Student clusters 

Cluster-
id 

Class 
Test1 
(40) 

Assg1 
(100) 

Assg2 
(100) 

Mid 
Sem 
(60) 

Assg3 
(100) 

Class 
Test2 
(50)  

End 
Sem 
(100) 

        
1 17.50 28.67 0.00 28.39 8.33 31.67 44.85 
2 24.79 33.43 76.43 38.11 29.07 34.00 64.93 
3 24.36 66.94 85.00 40.50 39.43 36.71 69.14 
4 24.05 80.18 70.00 37.00 43.55 35.32 68.32 

 

Based on Table 6 above students’ learning rates are being calculated for these four clusters as shown 
in Table 7. Marks at each examination or assignment are normalised to a scale of 100. Now the 
learning rates are plotted with respect to assignments, class tests, mid-semester and end-semester 
examinations i.e. different evaluation stages arranged chronologically. The plot is shown in Fig. 4. The 
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first observation about the curves is their zigzag nature i.e. students learning rate varies for each 
consecutive evaluation stages. As the evaluation stages are analysed it can be found assignments 
and examinations came alternatively. So students did better in assignments, did not do well in 
examinations and vice-versa. Hence the suggestion, based on this analysis, to the course instructor 
was to increase conformance between the assignments and examinations. Besides this observation, 
the trend line (the thick black line) shows that students learning rate decreases as the course was 
going on up to third assignment and then increases again. This finding is in conformance with the 
education structure of our institute where the course load is gradually increased up to mid-semester 
and then gradually decreases.  
Table 7. Calculation of students’ learning rate for course 1 batch 2 

Clusterid 1  2  3  4  All Students 

 
Normali
sed 
Score 

Learning_
Rate 

Normali
sed 
Score 

Learning_
Rate 

Normali
sed 
Score 

Learning_
Rate 

Normalis
ed Score

Learning_ 
Rate 

Learning_ 
Rate 

Start of Course 0  0  0  0   
  821.97  1117.56  4480.96  6428.83 3212.33 
Assignment 1 28.67  33.43  66.94  80.18   
  227.41  816.24  -36.48  -402 151.29 
Class Test 1 43.75  62  60.9  60.13   
  -1914.06  208.22  580.81  97.42 -256.90 
Assignment 2 0  76.43  85  70   
  2239.18  -166.67  -306.25  -69.39 424.22 
MidSem 47.32  63.52  67.5  61.67   
  -1520.22  -1186.8  -787.92  -328.33 -955.82 
Assignment 3 8.33  29.07  39.43  43.55   
  3026.1  1515.54  1155.32  733.87 1607.71 
Class Test 2 63.34  68  73.42  70.64   
  -341.88  -9.42  -18.32  -5.38 -93.75 
EndSem 44.85  64.93  69.14  68.32   
          
Total  2538.5  2294.67  5068.12  6455.02 4089.08 
          
Student_Learning
_Rate  362.64  327.81  724.02  922.15 584.15 

 
Figure 4. Student leaning rate at different time of course 1 batch 2 
For the rest of the courses the student clusters, normalised scores, learning rates and learning curves 
are shown. Learning curves are also drawn based on the learning rates of students at different time of 
a course. 
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3.1.2 Test result for course 2 batch 1 
The second course (Course 2) for batch 1 was taken by 30 students. The evaluation process consists of one 
assignment, two class tests, mid-semester and end-semester examinations. The student clusters are shown 
in Table 8. Normalised scores for each cluster are shown in Table 9. The learning rate, calculated from the 
normalised scores, is shown in Table 10. The variation of learning rate at different time of the course is 
furnished in Fig. 5.  
Table 8. Student clusters 

clusterid 
CT-1 (5) CT-2 (5) Asg (5) Mid Sem (30) End Sem (50) Attd (5) Total 

1 0.00 2.67 4.33 19.33 24.00 0 50.33 
2 2.43 2.86 0.00 19.43 21.43 0 46.14 
3 4.35 4.12 5.00 25.00 35.53 4.53 74.00 
4 2.00 3.00 5.00 17.00 22.50 0.5 49.50 
5 2.78 4.22 5.00 22.44 31.22 3.78 65.67 

Table 9. Normalised scores 

clusterid 1 2 3 4 5 Total 
CT-1  0.00 48.58 87.06 40.00 55.56 46.24 
Mid Sem 64.44 64.76 83.33 56.67 74.81 68.80 
CT-2 53.34 57.14 82.36 60.00 84.44 67.46 
Asg 86.66 0.00 100.00 100.00 100.00 77.33 
End Sem 48.00 42.86 71.06 45.00 62.44 53.87 
      62.74 

Table 10. Learning rate 
Eval 
Stage 1 2 3 4 5 Total 
CT1 0 2360.02 7579.44 1600 3086.91 2138.14 
Mid 4152.51 261.79 -13.91 277.89 370.56 508.95 
CT2 -123.21 -58.06 -0.94 11.09 92.74 -1.8 
Assg 1110.22 -3264.98 214.33 1600 242.11 97.42 
End -1494.6 1836.98 -837.52 -3025 -1410.75-550.37 
 728.98 227.15 1388.28 92.80 476.31 438.47 
 50.33 46.14 74 49.5 65.67 57.13 
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Figure 5. Student leaning rate at different time of course2 batch 1 
Inference 
 Except for clusters 1 and 2, the learning rate remains more or less flat for all the students (refer fig. 5). 
 The trend line shows (refer Fig. 5) a decrease in students’ learning rate; however the average score of 

the student is 57.13, which is not bad. So it may indicate the course content failed to present much new 
aspect to the students and so they earned marks but learned little. 
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3.1.3 Test result for course 3 batch 1 
The third course (Course 3) for batch 1 was taken by 26 students. The evaluation process consists of two 
assignments, one term paper, mid-semester and end-semester examinations. The student clusters are 
shown in Table 11. Normalised scores for each cluster are shown in Table 12. The learning rate calculated 
from the normalised scores is shown in Table 13. The variation of learning rate at different time of the course 
is furnished in Fig. 6. 
Table 11. Student clusters 

clusterid 

Asg1 
(5) 

Asg2 
(3) 

Term 
Pap(7) 

Mid Sem 
(30) 

End 
Sem 
(50) 

Attn 
(5) 

Total 

1 5.00 2.00 6.00 14.67 27.00 3.33 58.00
2 4.00 0.00 6.00 12.43 24.71 1.71 48.86
3 4.00 2.00 5.00 24.00 25.00 2.00 62.00
4 5.00 3.00 6.00 19.60 32.53 3.87 70.00
5 5.00 2.00 5.00 16.00 29.00 3.00 60.00
6 5.00 3.00 7.00 20.67 40.33 4.67 80.67

Table 12. Normalised scores 

clusterid 1 2 3 4 5 6 Total 
Asg1  100.00 80.00 80.00 100.00 100.00 100.00 93.33 
Mid Sem  48.89 41.43 80.00 65.33 53.33 68.89 59.65 
Asg2  66.67 0.00 66.67 100.00 66.67 100.00 66.67 
Term 
Paper 85.71 85.71 71.43 85.71 71.43 100.00 83.33 
End Sem  54.00 49.43 50.00 65.07 58.00 80.67 59.53 
       72.50 

Table 13. Learning rate 
Eval Stage 1 2 3 4 5 6 Total 
Assg1 10000 6400 6400 10000 10000 10000 8710.49 
Mid -2612.23 -1487.64 0 -1202.01 -2178.09 -967.83 -1134.34 
Assg2 -316.13 -1716.44 -177.69 1202.01 177.96 967.83 49.28 
TP 362.52 7346.2 22.66 -204.2 22.66 0 277.56 
End -1005.52 -1316.24 -459.24 -426.01 -180.36 -373.65 -566.44 
Learning rate 1285.73 1845.18 1157.15 1873.96 1568.43 1925.27 1467.31 
Total Marks 58 48.86 62 70 60 80.67 63.26 
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Figure 6. Student leaning rate at different time of course3 batch 1 
Inference 
 The steep fall after first assignment (refer Fig. 6) of all the curves show that the first assignment was too 

easy in comparison to other assignments and examinations. 
 The learning rate of the student cluster, who got lowest marks (cluster 2), has a wavy nature (refer Fig. 6). 

The nature of the curve indicates that weaker students cannot cope well with the course. 
 The course is found to be most effective in terms of learning rate for the cream students (cluster 6) 
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 The trend line (refer Fig. 6) indicates the general nature of the course which is same as the previous 
example. The load of the course has increased up to the mid-session and then decreased again that 
results the U-shaped curve. 

3.1.4 Test result for course 3 batch 2 
The third course (Course 3) for batch 2 was taken by 35 students. The evaluation process consists of one 
assignment, two class tests, one term paper, mid-semester and end-semester examinations. The student 
clusters are shown in Table 14. Normalised scores for each cluster are shown in Table 15. The learning rate 
calculated from the normalised scores is shown in Table 16. The variation of learning rate at different time of 
the course is furnished in Fig. 7. 
Table 14. Student clusters 

Cluster 
id 

CT1 
(5) 

CT2 
(5) 

Assg 
(5) 

Term 
Paper
(5) 

Mid 
(30) 

End 
(50) 

Attn 
(5) Total 

1 2.29 0.00 0.00 1.83 15.58 23.00 37.03 42.71
2 2.50 3.17 3.75 3.33 21.83 32.33 87.04 66.92
3 3.09 2.45 3.93 2.29 19.54 34.25 81.35 65.54
4 2.75 2.67 0.00 1.00 12.08 21.42 49.07 39.92
5 1.44 2.29 4.07 2.72 18.69 33.14 90.74 62.36

Table 15. Normalised scores 
Cluster 
id 1 2 3 4 5 Total 
CT1 45.84 50.00 61.78 55.00 28.88 48.30 
Mid 51.94 72.78 65.12 40.28 62.31 58.49 
CT2 0.00 63.34 48.92 53.34 45.84 42.29 
Assg 0.00 75.00 78.58 0.00 81.38 46.99 
Termpaper 36.67 66.67 45.71 20.00 54.44 44.70 
End 46.00 64.67 68.50 42.83 66.28 57.66 
Total      49.74 

Table 16. Learning rate 
Eval Stage 1 2 3 4 5 Total 
CT1 2101.31 2500 3816.77 3025 834.05 2332.89 

Mid 37.21 518.93 11.16 -216.68 1117.56 103.84 

CT2 -2697.76 -89.11 -262.44 170.56 -271.26 -262.44 

Assg 0 135.96 879.72 -2845.16 1263.09 22.09 

TP 1344.69 -69.39 -1080.44 400 -725.76 -5.24 

End 87.05 -4 519.38 521.21 140.19 167.96 

Learning rate 145.42 498.73 647.36 175.82 392.98 393.18 

Total Marks 42.71 66.92 65.53 39.92 62.36 55.49 
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Figure 7. Student leaning rate at different time of course3 batch 2 
Inference 
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 As like batch 1, in case of batch 2 also we find wavy nature (refer Fig. 7) of learning rates for lagging 
students (cluster 1 and 4). The same result for both batches also proves the correctness of our method. 

 The trend line (refer Fig. 7) shows the general nature of the course remains same as other courses. 
 The average learning rate shows that batch 1 was better than batch 2 in terms of learning. The average 

score scored by students of batch 1 (63.26) and batch 2 (55.49) also confirms the result.  

3.2 Phase 2 - course comparison 
As per the request of the instructor of course 2 and course 3 we go for a comparative analysis of batch 1 and 
batch 2 for course 3 and also for a comparison of all the courses (i.e. course 2 and course 3 for two batches) 
taught by the teacher. The learning curves are shown in Fig. 8 and Fig. 9 respectively.  

Comparison between batch 1 and 
batch 2 for course 3
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Figure 8. Comparison between batch 1 and batch 2 for course 3 

Comparison between different 
courses for a teacher
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Figure 9. Comparison between different courses for a teacher 
As shown in Fig. 8 the learning rate of batch 1 has decreased initially and then increased again. On the other 
hand for batch 2 the trend line remains near zero line throughout the course. It can be concluded that the 
subject matter for batch 1 presents something new to them. So their learning curve first decreases but after 
getting accustomed with the course it is increased again. However batch 2 does not get anything new to be 
added to their knowledge base from the course. Since the average marks of batch 2 (55.49) is less than that 
of batch 1(63.26) so it is obvious that the course material was not known to batch 2 before. So they cannot 
learn as like batch 1 due to either their lack of effort or due to the teaching technique. Now, when we 
compare all the three courses taught by the teacher we get some more insights into the teaching-learning 
situation. As shown in Fig. 9, the trend line for course 3 batch 1 is of U-shape, but the trend lines of course 2 
and course 3 batch 2 both run near zero line. Since the trend line for two different batches and courses are 
almost same so according to our system, it is the teaching technique that should be changed for increasing 
the learning rate. 

4. Conclusions 
The present paper defines some performance metrics for student and teacher evaluation and also discusses 
the methodology for calculating those metrics. The information stored in the system will be expressive 
enough to efficiently measure the performance. The metrics are intended to provide a fully objective 
assessment strategy; not aimed to criticise individuals. Once measured properly for adequate length of time, 
the metrics and the stored information can also be used to find utility of a course modification, to compare 
performances of different institutions and for research on education techniques. The paper demonstrate a 
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case study for analysing four courses at a premier engineering institute, which, in spite of lack of data, has 
yielded encouraging results about the learning and teaching of the courses.  
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